Functional neurosurgery relies on robust localization of the subcortical target structures, which cannot be visualized directly with current clinically available in-vivo imaging techniques. Therefore, one has still to rely on an indirect approach, by transferring detailed histological maps onto the patient's individual brain images. In contrast to macroscopic MRI atlases, which often represent the average of a population, each stack of sections, which a stereotactic atlas provides, is based on a single specimen. In addition to this bias, the anatomy is displayed with a highly anisotropic resolution, leading to topological ambiguities and limiting the accuracy of geometric reconstruction. In this work we construct an unbiased, high-resolution threedimensional atlas of the thalamic structures, representing the average of several stereotactically oriented histological maps. We resolve the topological ambiguity by combining the information provided by histological data from different stereotactic directions. Since the stacks differ not only in geometrical detail provided, but also due to inter-individual variability, we adopt an iterative approach for reconstructing the mean model. Starting with a reconstruction from a single stack of sections, we iteratively register the current reference model onto the available data and reconstruct a refined mean three-dimensional model. The results show that integration of multiple stereotactic anatomical data to produce an unbiased, mean model of the thalamic nuclei and their subdivisions is feasible and that the integration reduces problems of atlas reconstruction inherent to histological stacks to a large extent.
Introduction
Among different applications, anatomical atlases are used to identify and localize structures to be targeted in neurosurgical treatment of therapy-resistant neurological disorders (e.g. Parkinson's disease, neurogenic pain or neuropsychiatric disorders). The targets are localized deep in the brain, mainly in the thalamus and the basal ganglia, and their coordinates are determined on a stereotactic anatomical atlas and then transferred onto the patient's anatomy using a common stereotactic reference system. In functional neurosurgery, the target structures have to be localized in the patient with high accuracy. This is even more essential in case of minimally or noninvasive surgical interventions when there is no electrophysiological control for the target position, such as in Gamma Knife radiosurgery (Friehs et al., 2007) . Neuroscience research also relies on robust identification of individual thalamic structures for functional neuroimaging studies (e.g. Devlin et al. (2006) or for localizations of traumatic lesions such as thalamic infarcts (Van der Werf et al., 2003; Montes et al., 2005) .
The original, paper-based atlases (Schaltenbrand and Wahren, 1977; Morel et al., 1997; Mai et al., 2004; Morel, 2007) present the thalamic structures as stacks of two-dimensional slices, which induces a highly anisotropic resolution. Therefore, several electronic, threedimensional digitalizations have been built. Niemann et al. (2000) and Ganser et al. (2004) first constructed an isotropic, implicit surface representation by interpolation of additional sections and then extracted surfaces from this representation. This approach may result in topological errors for thin or elongated structures. Kimura and Otsuki (1993) reconstructed all surfaces via surface tiling of the contours. This method relies on parallel outlines and is thus not capable of incorporating contours from different stereotactic directions. St-Jean et al. (1998) and Liu and Nowinski (2006) fit surface patches onto the outlines. However, ensuring proper topology for patch fitting is non-trivial, especially when dealing with multiple stacks. In summary, each provided surface reconstruction is based on a single specimen, which introduces a bias towards the underlying data in an application.
To overcome this limitation, anatomical atlases should be based on a population instead. Evans et al. (1993) averaged 305 MRIs to construct such a mean atlas. Their approach to creating a mean model from an exemplary set is to choose one element as an initial reference, register it onto each of the other examples and use the average of this registered set as a new reference. This process is iterated until the resulting reference model does not differ significantly from the previous one. A similar approach was employed by Guimond et al. (1998) . Their work was improved through the use of non-linear registration algorithms (Seghers et al., 2004; Lorenzen et al., 2005; Christensen et al., 2006) . Building an atlas from a population also allows to capture the anatomical variability of the structures of interest (Styner et al., 2003) . Nevertheless, precise visualization of small thalamic structures is still beyond the capabilities of current clinical imaging techniques, and even postmortem MRI does not allow for it (Fatterpekar et al., 2002) .
The aim of this work is to construct a high-resolution, threedimensional model of the thalamic structures by combining information contained in histological data from several postmortem brains. This way, we build a model which is an average over several specimens instead of a single one, thus removing the bias toward a specific individual. To this end, we used series of maps of the human thalamus (Morel et al., 1997; Morel, 2007) for the following advantages over other commonly used atlases (Schaltenbrand and Wahren, 1977; Mai et al., 2004) . Firstly, the structures of interest (thalamus, basal ganglia, subthalamic fiber tracts) are displayed in three planes orthogonal to each other and oriented parallel or perpendicular to the reference stereotactic plane passing through the centers of the anterior and posterior commissures (ac-pc). Secondly, the delineation of the structures, based on multiarchitectonic criteria, provides a high histological resolution, and, thirdly, the maps are provided at small and regular intervals. Additionally, for each histological data a three-dimensional reconstruction, including details from different stereotactic directions, is provided.
Material and methods

Stereotactic anatomical atlas
The stereotactic anatomical atlas under consideration consists of six series of maps derived from stacks of histologically processed brain sections. In addition to the three constituting the first Morel atlas (Morel et al., 1997) , a coronal and a sagittal stack of sections from the left and the right hemispheres of the same brain with an intercommissural distance of 26 mm, which have been introduced in the second Morel atlas (Morel, 2007) , and an additional horizontal stack of sections of a brain with an intercommissural distance of 25 mm were used. Postmortem MRIs are available for three of the stacks (Morel, 2007) . Thalamic and basal ganglia subdivisions have been delimited on the basis of multiple histological criteria provided by staining of sections for Nissl, myelin, calcium-binding proteins, the non-phosphorylated neurofilament protein (with SMI-32) and acetylcholinesterase. The final maps, showing drawings of thalamic and basal ganglia subdivisions, are presented at regular and close (0.9 or 1.0 mm) intervals. One series (horizontal) has been complemented to provide higher spatial resolution (0.45 mm intervals). In each stack, alignment of 2D maps (and projection of millimeter grids) was obtained using contours of sections parallel to the block cut in stereotactic planes with a guillotine. In two cases, maps were also coregistered with postmortem MRI obtained prior to histology (for more details, see Morel, 2007) . Point coordinates are specified in millimeters relative to the posterior commissure (for antero-posterior axis), the intercommissural plane (for dorso-ventral axis) and interhemispheric or ventricular border (for latero-medial axis) (see also Fig. 1 for exemplary drawings). The atlas follows the revised Anglo-American nomenclature (Table 1) (Hirai and Jones, 1989; Jones, 2007) . Most thalamic nuclei and subnuclei listed in Table 1 could be reliably delimited on the basis of Nissl and immunohistochemical stainings (myelin being less useful for nuclear parcellation). Only few (Po; posterior part of CL) were more difficult to define and multiple criteria were particularly needed to assess contours with confidence.
Methodological challenges
In order to average different stacks of sections, corresponding anatomical landmarks have to be identified in each stack. Suitable landmarks have to fulfill two properties. Firstly, they should be visible in all stacks. Secondly, in order to ensure that they match corresponding parts as precisely as possible, they should correspond to specific anatomical structures (see 'Topological landmarks' and 'Evaluation of anisotropy of stereotactic data' sections).
Due to the spacing between sections, the resolution in the direction normal to the plane of section is much lower compared with the resolution within each section. This anisotropy is exemplified by the lateral dorsal nucleus (see Fig. 1 ), which is separated from the underlying pulvinar and central lateral nuclei by a thin space. This space is nearly parallel to the horizontal axis, as can be seen on a sagittal section, making it hard to discern in the horizontal stereotactic direction.
1 This hampers averaging, as in each stack, structures and their topological arrangement are visualized to a different extent. A three-dimensional reference model, bearing all topological relationships, which can be identified in any of the stacks under consideration, would alleviate this difficulty, as deforming such a model onto an individual stack would transfer the complete topological information. The integration of the topological arrangement of all stacks can be performed during three-dimensional reconstruction of the structures of interest. Accurate reconstruction from multiple stacks requires that these are non-linearly aligned. Such an alignment is given precisely by the inverse of the deformation mapping the average model onto each stack. Using the inverse introduces a mutual dependence between the reconstruction and the deformation: The reconstruction requires a precise non-linear alignment to successfully integrate all stacks while the alignment depends on a model which includes the complete topological information from all stacks. Usually, this interdependence is resolved by starting with an estimate of the average model and alternatively improving the alignment and the reconstruction (see 'Bootstrap approach for the construction of a mean atlas' section).
The reconstruction process itself should lead to a surface model which is consistent with the anatomical hierarchy, e.g. the union of all thalamic structures should fill up the whole volume outlined by the thalamic surface. Moreover, the reconstruction process should ensure that thin or elongated structures are properly reconstructed, as, due to the spacing between sections, the shape of these structures can change significantly, which may lead to connectivity problems or unintended holes in the surface (see Fig. 2 and 'Bootstrap approach for the construction of a mean atlas' section).
Topological landmarks
Generally speaking, the surface of a nucleus n can be robustly divided into surface patches r 1 ,…,r l , each of which being the region where n is adjacent to another nucleus. The border lines between neighboring patches, which result from three nuclei being adjacent, form a grid on the surface of the nucleus. We define the endpoints of the border lines as primary, the lines themselves as secondary and the surface patches as tertiary landmarks (TLM) of the nucleus n. It is clear from simple stereological considerations that the histological maps will show tertiary landmarks as lines and secondary landmarks as points. Primary landmarks will almost surely not be visible and secondary landmarks may, if they run parallel to a stereotactic axis, fall completely between two adjacent sections. We have thus opted for tertiary landmarks to support anatomical correspondence establishment.
Evaluation of anisotropy of stereotactic data
In order to test whether the used data show all structures in sufficient resolution and to which extent the aforementioned problems of reconstruction and registration arise, we evaluated the distribution of tertiary landmarks in the three stacks of the first Morel atlas. A tertiary landmark was assumed to be shown with reliable resolution if it showed up in at least two adjacent sections. In that case we considered the two structures, for which the tertiary landmark is the common surface patch, to be adjacent in that stack. Each stack of sections is analyzed separately for the structures present and their adjacency as indicated by the tertiary landmarks in that stack. For each stack, the results of this analysis were encoded into a graph. The vertices represent the individual structures and two vertices are connected by an edge if the tertiary landmark shows up with reliable resolution. The intersection of these graphs yields the set of structures and tertiary landmarks available in all atlases; the union of these graphs is those landmarks, which are discernible in at least one stereotactic direction. Fig. 1 . Example of different geometrical details available in each stack of section. Sections (a) D9.9 and (b) D10.8 belong to a horizontal, and (c) section L12.7 to a sagittal stack. Anterior and posterior commissure levels are indicated by ac and pc. The straight lines in the sagittal section mark the approximate location of the horizontal sections and vice versa. The transition from the lateral dorsal nucleus (LD) to the medial pulvinar (PuM) demonstrates the anisotropy of stereotactic data. For the horizontal stack, it falls between the two adjacent sections shown. In contrast to this, the transition is clearly visible in the sagittal section. Abbreviations: St = stria terminalis, Cd = caudate nucleus, PuT = putamen, ic = internal capsula, R = reticular nucleus, GPi = globus pallidus (internal segment), GPe = globus pallidus (external segment), iml = internal medullary lamina, ZI = zona incerta, SNc = substantia nigra (pars compacta), SNr = substantia nigra (pars reticulata), ot = optic tract. For other abbreviations see Table 1 .
Bootstrap approach for the construction of a mean atlas
From each stack of sections, the outlines of each relevant structure have been extracted. Stacks which stem from the right subcortical region have been mirrored along the midsagittal plane to represent a stack from the left subcortical region. Anatomical areas present have been arranged according to the neuroanatomical hierarchy (see Table 1 ). The tertiary landmarks are extracted during preprocessing of the histological sections.
The bootstrap process is initialized with a reference which is reconstructed from a single stack of sections. Based on the current reference, the alignment and the exact location of each surface point of the mean model are iteratively optimized. After convergence, a new reference is reconstructed on the basis of the optimal registrations. This process is repeated until convergence. The complete procedure is presented as a pseudo-code in Algorithm 1. The convergence criterion for both loops is the symmetric Hausdorff distance (Chou et al., 2007) between the old and new reference. The reconstruction and registration procedures are detailed in the subsequent sections. 
Surface reconstruction
For each individual structure in each stack of sections, its threedimensional distance transform is approximated via shape-based interpolation (Raya and Udupa, 1990 ) from the two-dimensional distance transforms of the structure's outline in each section. For thin and elongated structures, which have been manually selected, a mesh has also been created by surface-tiling of the original contours. The implicit representation for each such structure is the pointwise minimum of the interpolated distance map and the distance transform of the mesh created by surface-tiling. For all other structures, the interpolated distance transform is used as their implicit representation. In the case of reconstructing the initial reference, this distance map is used further on; in the case of reconstructing a new reference surface from multiple stacks, the registered distance maps are averaged to produce a mean map.
The segmentation of a top-level structure is given by all voxels with a non-positive value for its distance transform. To subdivide a structure, each voxel is assigned to that substructure on the next hierarchical level with the lowest distance map value at this point. Finally, a standard topology correction is applied to each structure in turn to eliminate any remaining handles or holes (Kriegeskorte and Goebel, 2001) .
To reconstruct the surface of the reference volume, an approach which expands singular vertices and edges, was used (Bischoff and Kobbelt, 2006) . This algorithm also allows to incorporate a priori information by considering that two structures are separated by a third one. The resulting mesh was smoothed using surface nets (Gibson, 1998) and decimated with a topology preserving algorithm (Schroeder et al., 1992) . Landmarks according to the proposed model (see 'Topological landmarks' section) are built during reconstruction.
Alignment of stacks of sections with the reference model
The alignment has been performed in two subsequent steps, a global affine registration followed by a B-spline controlled elastic deformation (Rueckert et al., 1998) , which guarantees a smooth mapping between two adjacent histological sections. As a tertiary landmark is a surface in the reference model, while it is a set of lines in a stack of sections, it is more stable to register the stack onto the reference.
For estimating the optimal affine registration, the centers of gravity of each thalamic substructure were chosen as corresponding points. As the center of gravity can be robustly estimated only for sufficiently wide-stretched volumes, only those structures which show up in at least three sections were considered.
The non-rigid warping T:R 3 →R 3 seeks to optimize the overlap of corresponding tertiary landmarks further, while avoiding large local deformations. To evaluate the overlap of tertiary landmarks, the lines of the tertiary landmarks in the stack are first sampled equidistantly.
The fitting term f(T) of a landmark is defined as the summed squared distance of these samples to the corresponding TLM surface in the reference model. The regularization term R(T) enforces smoothness of the deformation field by constraining the determinant of its Jacobian | J(x)| (Sdika, 2008) . These two terms are linearly combined with a weighting parameter λ into one cost function:
As computing the exact distance d l (p) for each point p is computationally prohibitive, a distance map is precomputed for each topological landmark. To ensure a smooth cost function, the distance is approximated by trilinear interpolation. The deformation is optimized with a multi-resolution strategy, starting with a coarse control point grid and successively subdividing it. Due to the large number of control points at the finest resolution, a gradient-descent optimization scheme is employed. The deformation model is described in Appendix A, and an efficient computation scheme for the regularization term is derived in Appendix B. 
Results
The initial reference mesh (see Figs. 3a, c) was reconstructed from the horizontal stack of sections, for which sections at a small interval (0.45 mm) are available. It contains the structures described in Table  1 . For each stack of sections the B-spline deformation was initialized with an isotropic control point grid spacing of 7.2 mm and subdivided three times. The tertiary landmarks were optimized using the described approach. Points were excluded from matching if they originated from a landmark for which no corresponding landmark exists in the reference model. For the deformation of the initial mesh, the weighting factor λ = 0.2 proved to offer a good tradeoff between fitting the landmarks and obtaining an invertible deformation. During subsequent refinements, this could be lowered to λ = 0.08. After three iterations of the outer loop, the process of mean model generation converged. The final mesh consists of 134,789 points, 325,450 triangles, and 471 primary, 864 secondary and 439 tertiary landmarks (see Figs. 3b, d) . Exemplary results of deforming the reference onto individual stacks of sections are shown in Fig. 4 . Histological maps overlaid with the corresponding cut through the deformed reference mesh are shown in Fig. 5 . The cumulative distribution function of the remaining registration errors further support that the reconstruction process did not alter significantly the initial maps (see Fig. 6 ).
The evaluation of the distribution of tertiary landmarks showed that none of the evaluated stacks of sections contained the full topological information (see Table 2 and Fig. 7 ). Both the anterior dorsal and the paraventricular nucleus are missing in the sagittal stack of sections as sections close to the midsagittal plane cannot be aligned robustly with the rest of the stack. The final reference contains all the topological information, i.e. structures which are adjacent in one of the first three stereotactic stacks are also adjacent in the final reference. It contains some additional connections, which are probably minor artifacts as these surface patches are quite small.
Discussion
Methodological aspects
When creating a model of the thalamus from histological sections, the most difficult issues are related to the anisotropy of the individual stacks, which could lead to serious problems in the construction process. Each stack shows the complete three-dimensional anatomy only to a partial extent. As the intervals between sections in Schaltenbrand and Wahren (1977) and Mai et al. (2004) are larger and/or more irregular than in the used Morel atlas, one can expect similar problems in those as well. For large structures such topological errors as shown in Fig. 1 are unlikely to happen. However, geometrical details necessary for an accurate three-dimensional reconstruction are still lost.
Histological processing may cause spatial distortion of individual sections and hence have an impact on the resulting model. This influence has been studied by Yelnik et al. (2007) by comparing cryosection blockfaces with histological slides. Visual inspection of the histological slides used for the Morel atlas did not reveal major spatial distortion resulting from the sectioning process. Misalignments between the individual slides could well be corrected using landmarks. Nevertheless, we are currently performing a study to quantify eventual physical deformations throughout the whole tissue handling chain by imaging the brain in different stages of processing starting from the fresh cadaver (MRI) through brain fixation (MRI), block cutting (synchrotron micro-CT) to the actual sections (microscopy).
The reconstruction proceeds in two steps. Firstly, an isotropic, implicit representation of each structure in each stack is generated. For thin or elongated structures, the distance maps may contain topological errors. One could disregard this and assume that averaging the distance transforms alleviates the problem. However, this would ignore the available anatomical information. As a second step, the registered implicit representations are merged and integrated to produce a segmentation. Averaging the distance maps merges the geometrical and topological information provided by each stack and it is feasible even if the maps are not perfectly aligned. The average of several distance maps is not necessarily a distance map itself; however, this did not cause difficulties during the processing, probably due to the fact that the input distance transforms were aligned. In the current implementation, distance maps are sampled and stored on a regular grid. The required memory limits the volume which can be processed, as fine details require a dense sampling. This constraint could be lifted by replacing the regular by an adaptive grid. Employing solely an implicit or a tiling approach for surface reconstruction could not handle all problems inherent to reconstruction from multiple histological data (see 'Surface reconstruction' section). It should be noted that the smoothing algorithm shrinks the surface. This effect can, however, be neglected, as the subsequent registration and averaging steps correct for it.
Alignment has to be done in a manner which is robust against the problems associated with anisotropy. In the context of the proposed landmark model, the primary landmarks would provide a good starting point for establishing correspondence between a stack and the atlas. However, these landmarks are not visible in the stacks. In contrast, tertiary landmarks are observed as lines in histological maps. Nonetheless it may happen (see Fig. 1 ) that a tertiary landmark falls between two adjacent sections and is thus not visible at all. Such a situation may also misguide the registration as the optimizer tries to fit landmarks not clearly visible in the reference model. However, we experienced this behavior only with the initial model, which was built from a single stack. In subsequent registrations, with reference models built from several data sets, this effect is compensated for. Furthermore, these subsequent registrations do not need to be regularized as strongly as the registrations of the initial atlas. This indicates that the reconstruction process successfully integrates geometrical information from each stack. The visual comparison of the fitting results (see Fig. 5 ) also supports this observation. While the proposed landmark model introduces more anatomical knowledge into the registration process, it also renders the deformation less robust, as non-existing parts of a tertiary landmark are registered onto wrong structures. As the cumulative distributions of the residual error (Fig. 6) show, outliers, although very few ones, are present in each data set. The warping would be more robust if these outliers were detected and properly handled.
Mean atlas
The presented atlas improves the previous work on thalamic model reconstruction in several aspects. Firstly, while those models are based on the geometry seen in a single stack, our model incorporates topological and geometric details from different stacks and different stereotactic directions. Secondly, it represents the average anatomy of several specimens instead of a single one, which removes the bias towards a specific individual. Both aspects should improve atlas-based localization of thalamic structures.
The computed deformations between the mean atlas and the individual histological data allow, in principle, to construct a statistical shape model of the thalamic nuclei (Pohl et al., 2004) . Such a model captures the inter-individual variability of the structures of interest as a linear combination of the mean model and a set of non-rigid deformation modes, which would improve individual localization even further. To explore the potential such models can offer, a larger number of examples will have to be collected and processed, and a method allowing to directly match a model derived from histology onto clinically available image data needs to be developed. Fig. 7 illustrates the adjacency graph of the horizontal stack as well as the union of the adjacency graphs.
Stereotactic stacks of sections from the left and the right subcortical region are utilized in this work. Hemispheric differences have been shown for the whole thalamus and several subdivisions of the basal ganglia in high-resolutions MRI of healthy subjects (Ahsan et al., 2007) . The effect of these differences onto the reconstruction of each individual stack of sections is negligible, as the reference model is warped onto each stack. The presented atlas averages the reconstructions of the individual stacks of sections, which might obscure any present hemispheric differences. This could be accounted for by averaging the data from the left and the right subcortical region separately, which would lead to a separate mean atlas of the left and the right hemisphere. However, this should be performed at the end of the bootstrap approach, after the topological information from all stacks has been integrated into the reference model.
Conclusions and future work
A stereotactic atlas of the mean anatomy of the thalamic structures from different histological stacks of sections has been generated from the Morel atlas, in spite of the stack dependent anisotropy. The proposed approach consists of two nested loops. The inner loop finds optimal deformations between the individual stacks of sections and the current reference mesh. Like for MRI-based atlases, this allows the construction of an average template. The outer loop uses the optimal deformations found in the inner loop to construct an improved reference. The reconstruction of a topologically consistent model of the thalamic structures from multiple, registered stacks has been performed. Establishment of a neuroanatomically meaningful, dense, three-dimensional deformation field from the information provided by the sections was obtained not only for the structures but also for the topological relationship between them.
The atlas will be available for academic research purposes in electronic form upon request.
The established correspondence between the presented mean model and the individual stacks also allows to interpolate a hypothetical MRI for the mean model from the postmortem MRIs available for the histological data. Yelnik et al. (2007) has recently demonstrated that such an interpolated MRI could be used to transfer the mean model onto a patient's MRI. adjacent control points. Φ (i,j,k) is located at (iδ, jδ, kδ); for i,j,k b 0 or i ≥ n l , j ≥ n m , k ≥ n n it is fixed. T transforms a = (x,y,z) via 
Suppose we want to compute the Jacobian for a control point Φ (i′,j′,k′) , whose location in the deformation's domain is given by i = i′ -1, j = j′ -1, k = k′ -1 and u = v = w =0. As B 1 ′(0) = 0 and B 3 (0) = B 3 ′(0) = 0, the first vector in Eq. (4) is non-zero solely for direct neighbors of Φ (i′,j′,k′) . Most notably, it is independent of the control point's value. Moving an adjacent control point Φ (i′+l,j′+m,k′+n) by Δp changes the Jacobian and likewise its determinant in a linear fashion:
where ω = (ν, μ, θ) is given by ν = α j a 1;1 a 1;2 a 2;1 a 2;2 j + β j a 2;0 a 1;0 a 2;2 a 1;2 j + γ j a 1;0 a 2;0 a 1;1 a 2;1 j μ = α j a 2;1 a 0;1 a 2;2 a 0;2 j + β j a 0;0 a 2;0 a 0;2 a 2;2 j + γ j a 2;0 a 0;0 a 2;1 a 0;1 j θ = α j a 0;1 a 1;1 a 0;2 a 1;2 j + β j Thus, for each control point Φ (i′,j′,k′) , one linear constraint for each of its 26 adjacent neighbors is derived from the Jacobian matrix in Φ (i′,j′,k′) . As a result, 26 linear equations are available in each control point. This yields a least squares problem, whose solution is used as the gradient of the regularization term in Φ (i′,j′,k′) .
